Dear Dr. Morillon, Thank you for submitting your manuscript entitled "Reference-free transcriptome exploration reveals novel RNAs for prostate cancer diagnosis" to Life Science Alliance. The manuscript was assessed by expert reviewers, whose comments are appended to this letter.
prostate cancer diagnostics and tested them across multiple datasets.
The authors identified differentially represented kmers using DE-kupl between tumor and control samples, they assembled the kmers to contigs, and annotated them by mapping the contigs to existing annotations. It is unclear to me why the authors have had to develop a de novo transcriptome assembler when multiple well-tested assemblers are available. Also, I would require the authors to provide the code and data tables as prerequisite to publication and not have it provided only upon request.
Generally, the manuscript is well written and I think that the authors should be able to address the comments below.
Major points:
There is insufficient evidence that the newly detected markers are not part of known transcripts and were assembled into shorter contigs because of the approach the authors used for assembly. For example, if I interpret Fig S3B correctly , there is no expression in the minus strand in the FBP2 locus. If so, P2 expression could represent part of the PCAT7 transcript. This is important since it is unclear whether the newly reported transcripts are truly standalone transcripts.
There is insufficient description of the validation using the TCGA data. These data, as the authors note, is non-strand specific and it is based on polyA-enriched RNA. Therefore, a thorough description of the approach used to estimate the expression of the short contigs that the authors have identified is required. Moreover, comparison to randomly selected randomized contigs that span similar transcripts/genomic regions is advisable.
The manuscript describes a novel method to identify potential novel ncRNA-based biomarkers identified by RNA-sequencing technologies. The proposed computational method shows high sensitivity, greater clinical performance than PCA3 in the discrimination of high-risk tumors. Furthermore, this methods has the potential to be applied also to other cancer type and pathology other than prostate cancer.
The manuscript is interesting, well written and organized in a very rational sequence. This makes it very straightforward to follow the general rational and description of the results. At this point, no major weaknesses or issues are identified. Therefore, it is deemed ready for publication.
Reviewer #3 (Comments to the Authors (Required)):
The manuscript of Pinskaya et al. concerns the mining of RNA-Seq data for unannotated transcripts that may serve as clinical biomarker. The authors have previously published a method called "DE-kupl" to find sequences that are enriched among the RNA-Seq reads of one group of samples relative to another (differential expression of k-mers), in manner that does not reply on a reference genome or transcriptome. To demonstrate, as a a proof of principle, the value of this approach for biomarker discovery, they apply it to RNA-Seq data from prostrate biopsy samples, identify a potential cancer signature and validate it in an independent cohort.
The novelty lies in the observation that typical pipelines only use consider annotated genomic features and hence may miss yet unknown transcripts, particularly long non-coding RNAs. They succeed in discovering novel lncRNAs with specific enrichment in cancer samples over healthy ones. This makes this paper a valuable contribution, as it convincingly demonstrates that this approach is powerful, practical and complementary to established methods. Nevertheless, it should be clear that this paper is a proof of principle, and does not go all the way of establishing a new cancer signature. It does not claim to do so, but needs some clarifications in this area, as discussed below.
Major issues:
1. The paper establishes two "signatures" (one using only novel lncRNAs and one mixing novel and known transcripts). The term "signature" is bit vague: does it denote merely a list of genes, or an actual formula, how the expression values for these genes should be combined (typically as a weighted sum) to yield a score or a 'cancer yes/no' call? Here, it seems that the authors use their Discover and Selection Cohorts only to achieve the former: they find the coefficients for weighting the signature genes by applying logistic regression to their Validation Cohort. A proper validation, however, would be to use the Discovery and Selection Data to fully establish a decision rule (i.e., something like: Measure these genes, multiply them with these coefficients, add them up to get score, call "cancer" or "not cancer" if the score is above this threshold.) Then, test this rule on the validation cohort.
Using the present data, this might, unfortunately, not be possible, because the TCGA data is polyAselected and not stranded. As the authors argue themselves, this makes this data quite suboptimal, and using regression coefficients established from the stranded, total-RNA data of the Discovery and Selection Cohorts is unlikely to work well.
It is hence somewhat understandable that the authors did the next best thing of using some form of cross validation to both train and validate a logistic regression classifier on the Validation Set. Nevertheless, this limitation should be acknowledged more clearly, and the Methods parts need to describe the used cross validation scheme (nested, I hope) in much more detail. At the moment, it only lists other tools and the reader would have to read their manuals to understand what CV might have been employed.
As all this lessens the support that Fig. 6B gives to the authors overall claims, the core result is hence rather Figure 4 . I hence would like to make clear that I consider Figure 4 sufficient to prove that main claim, namely that looking for yet unknown lncRNAs using the authors' pipeline does allow to find promising potential biomarkers. Establishing how well the specific markers work that were found here in this proof of principle is what Figure 6 tries to do, but doing so properly would, of course, require a new clinical study applying the NanoString assay to a new independent cohort, and that is of course not something we should expect here. I only feel that the limitations of the validation need to be discussed more clearly.
Finally, it should also be acknowledged that the literature claims that PCA3 is a good biomarker because it can be detected in urine and is predictive there, while the present manuscript only discusses assays of biopsies.
2. The authors remove ("mask") all known coding genes, in order to focus on new lncRNAs. This is useful to demonstrate DE-kupl. However, to be able to argue that the DEkupl-based approach is superior to normal reference-based approaches, the authors need to show that a standard analysis yields less useful results in terms of potential markers. The authors to compare the DE-kupl approach with a reference-based one (which they term "HoLdUp"), but there, too, they restrict themselves to lncRNAs. I suppose that there are less useful differences in coding genes, but this should be shown. Or, if there are many differences, the argument, why non-coding transcripts are more useful needs to be argued more explicitly? (Isn't the special feature of PCA3 that is gets secreted via exosomes? If so, are the other transcripts a prostrate cancer might secrete also likely to be predominantly non-coding?) Further issues and questions:
3. How does the lack of strandedness of the TCGA data affect the quantification of those selected transcripts that are antisense to coding genes? Do the coding genes contribute to the counts? Or are the k-mers all antisense to introns? 4. In all box plot figures, y axes are labelled "Log10(counts)". However, their values decend below 0. What would a count of 0.1 reads mean? Are these maybe counts divided by some normalisation constant? 5. Discovery and Selction Set are taken from the same cohort. It should hence be stated explicitly whether they overlap. 6. What is a "normal sample"? A sample taken from in biopsy of a patient who then turned out to not suffer from prostrate cancer? Or a sample from a healthy region of a tumour-bearing prostate? If the former, this would be unsatisfactory, if the latter, the PAIR cohort should not be described as a cohort of "prostate cancer patients" but as one of patients tested for prostate cancer. 7. The differences in p value ranking does not indicate "remarkable discrepancies" between the cohorts (p. 16). p value rankings rarely agree between cohort of different sizes due to the effect of differences in statistical power. 8. How were the counts normalized? Simply by dividing by the total read count? Also in the NanoString data? 9. It is nice that the R code is included in Suppl File S15. It would be even better if the input files were provided. Without the I could not run and hence not check the code.
Minor points:
10. How do the Ving-generated figures (e.g., Fig 3D) aggregate samples? Are these coverages of single samples or sums over all samples in a group? 11. misspelling "quartile" instead of "quantile" twice 12. page 12: "contigs ... were filtered out. We also retained ... ". "Filtered out" is supposed to mean "not retained", right? The "also" is confusing.
13. Version of DE-kupl is stated as "(June 2017)". Is this version 1.0? 14. The manuscript correctly cites the bioinformatics papers for most tools they have used. Two are missing, though: featureCounts and JellyFish.
Reviewer #1 (Comments to the Authors (Required)):
The paper describes a method for the discovery of potential novel gene expressionbased biomarkers. Moreover, the authors performed a proof of principle and identified potential markers for prostate cancer diagnostics and tested them across multiple datasets. The authors identified differentially represented kmers using DE-kupl between tumor and control samples, they assembled the kmers to contigs, and annotated them by mapping the contigs to existing annotations. It is unclear to me why the authors have had to develop a de novo transcriptome assembler when multiple well-tested assemblers are available. Also, I would require the authors to provide the code and data tables as prerequisite to publication and not have it provided only upon request.
# In this work, we used total stranded RNA-seq for transcriptome analysis and transcripts discovery and quantification in clinical samples. These datasets are much more complex since enriched in intronic reads, but also of lower coverage for the same number of total reads than poly(A)-selected RNA-seq. This renders classic computational analysis, used by the majority of researchers, much more laborious with high fraction of false positive hits and long manual curating.
Indeed, the existing assembler pipelines are Cufflink based, highly consuming in time and memory rendering computational analysis specifically long when dealing with multiple total stranded RNA-seq datasets. Our de novo transcriptome assembler HoLdUp has been developed to allow much faster and easier processing of total stranded RNA-seq datasets allowing assembly of transcription unit contigs without proper intron/exon annotation. Regardless the lack of precision in reconstruction of transcript isoforms, HoLdUp gives us rapid but fundamental information on the whole transcription unit. Such approach fulfilled completely our aims in discovery of novel transcripts allowing further expression counting and differential analysis. Since DEkupl highlights only RNA subsequences but not the whole transcript, HoLdUp complemented our work allowing to assign some of contigs to de novo assembled transcription units. This can be valuable for further functional studies but dispensable for contraction of contig-based clinical signatures. This issue was more clearly discussed in the Discussion section (page 18). To complement a search for biomarkers and validate some of those among unannotated mRNA isoforms or novel lncRNAs, further work is required; and in this case the long read RNA-sequencing would be the most appropriate.
The code and data tables were uploaded into GitHub and are accessible upon a link: https://github.com/MorillonLab/Prostate-kmer-signatures. The HoLdUp package with the readme file, annotation and count tables can be freely uploaded through the link: http://xfer.curie.fr/get/3isUnBCOhap/HoLdUp_v0.05.zip. All this information has been included in the manuscript body.
Generally, the manuscript is well written and I think that the authors should be able to address the comments below. Major points:
There is insufficient evidence that the newly detected markers are not part of known transcripts and were assembled into shorter contigs because of the approach the authors used for assembly. For example, if I interpret Fig S3B correctly , there is no expression in the minus strand in the FBP2 locus. If so, P2 expression could represent part of the PCAT7 transcript. This is important since it is unclear whether the newly reported transcripts are truly standalone transcripts. # We thank the reviewer for this remark. Indeed, the DE-kupl pipeline does not perform full-length assembly and detects only subsequences still unreferenced in the existing annotation. To assign them to referenced genes, we analyzed the overlap of DE-kupl contigs with recent GENCODE and MiTranscriptome annotations (page 7). Some contigs are embedded into already annotated genes, but represent yet unreferenced transcript variations, as in case of the contig P6. In contrast, contig P2 maps downstream the existing PCAT7 GENCODE annotation. Considering uniquely RNA-seq reads profile and exon junction mapping, we hypothesized that this contig represents an extension of the last exon. For 100% certainty, 3'-RACE or alternative experiments are required to correct the existing PCAT7 gene annotation. This issue, regardless of its importance, was not in the scope of this work but we have put more efforts to explain the case (pages 9-10) with additional Sashimi plot of PCAT7 for better illustration of our hypothesis (Supplemental Fig. S3D ).
# We thank the reviewer for this advice. Indeed, TCGA data are of a low quality for nowadays standards. To clarify how we process the data, detailed description of the counting procedure was added to Material & Methods "Variable selection using the LASSO penalized logistic regression and external validation of signatures" (page 23). In addition, we added an alternative counting procedure for TCGA datasets, in which contigs expression has been quantified using randomly selected k-mers. Both quantifications showed high concordance and the results were presented in Supplemental Figure S8 .
Page 18: The results for P2 and P6 are particularly interesting, yet do the authors have evidence that parts of the PCAT7 that do not overlap with P2 and P6 are not overexpressed?
# This remark joins in part the abovementioned point. The case of PCAT7 is now discussed in more details in the Results section (pages 9-10) including the differential expression analysis ( Figure S3B ). Indeed and in accordance with other publications, we confirmed here that the whole PCAT7 gene is overexpressed in PCa specimens comparing to normal tissues (DESeq, FC > 10, p-value < 6,3E-20). However, in this work we were particularly interested in yet unannotated variants of PCAT7 and for this reason we selected two DE-kupl contigs for further NanoString and TCGA validation: P6 within the existing PCAT7 gene annotation, P2 as the best DE contig antisense to the FBP2 gene but out of the existing annotation. Again further isoforms definitionsdedicated experiments would clearly answer this question but again, remain out of the scope of this manuscript. Of note, since the whole gene is DE, many other subsequences (DE-kupl contigs) are also DE (Table S2 ) but we selected the most significant hit, P6.
Minor points:
Page 5: "The only example of an RNA-based biomarker so far introduced in clinical practice is the PCA3 lncRNA in prostate cancer (PCa)": is that correct? Isn't the panel PAM50 used in the clinic as well?
# In this work, we focused on prostate cancer and lncRNAs, so the sentence was changed accordingly (page 5): "The only example of a lncRNA-based biomarker so far introduced in clinical practice is the PCA3 lncRNA in prostate cancer (PCa)". The PAM50 signature is based on quantification of mRNAs and is used for breast cancer prognosis. For this reason we didn't mentioned it in the text, but indeed RNA signatures are already in use in clinics including PCa diagnosis and it was acknowledged in discussion part (page 17).
Reviewer #3 (Comments to the Authors (Required)):
The manuscript of Pinskaya et al. concerns the mining of RNA-Seq data for unannotated transcripts that may serve as clinical biomarker. The authors have previously published a method called "DE-kupl" to find sequences that are enriched among the RNA-Seq reads of one group of samples relative to another (differential expression of k-mers), in manner that does not reply on a reference genome or transcriptome. To demonstrate, as a proof of principle, the value of this approach for biomarker discovery, they apply it to RNA-Seq data from prostrate biopsy samples, identify a potential cancer signature and validate it in an independent cohort.
The novelty lies in the observation that typical pipelines only use consider annotated genomic features and hence may miss yet unknown transcripts, particularly long noncoding RNAs. They succeed in discovering novel lncRNAs with specific enrichment in cancer samples over healthy ones. This makes this paper a valuable contribution, as it convincingly demonstrates that this approach is powerful, practical and complementary to established methods. Nevertheless, it should be clear that this paper is a proof of principle, and does not go all the way of establishing a new cancer signature. It does not claim to do so, but needs some clarifications in this area, as discussed below.
We would like to thank the referee to have perfectly understood the value of our manuscript and acknowledge it as a valuable contribution. We perfectly agree that it should not be misunderstood that our results represent a proof a principle and not a clinical statement. We have answered and modified the manuscript accordingly.
Major issues: 1. The paper establishes two "signatures" (one using only novel lncRNAs and one mixing novel and known transcripts). The term "signature" is bit vague: does it denote merely a list of genes, or an actual formula, how the expression values for these genes should be combined (typically as a weighted sum) to yield a score or a 'cancer yes/no' call? Here, it seems that the authors use their Discover and Selection Cohorts only to achieve the former: they find the coefficients for weighting the signature genes by applying logistic regression to their Validation Cohort. A proper validation, however, would be to use the Discovery and Selection Data to fully establish a decision rule (i.e., something like: Measure these genes, multiply them with these coefficients, add them up to get score, call "cancer" or "not cancer" if the score is above this threshold.) Then, test this rule on the validation cohort. Using the present data, this might, unfortunately, not be possible, because the TCGA data is poly(A)-selected and not stranded. As the authors argue themselves, this makes this data quite suboptimal, and using regression coefficients established from the stranded, total-RNA data of the Discovery and Selection Cohorts is unlikely to work well. # We thank the reviewer for this comment. To avoid ambiguity, we introduced a sentence explaining the usage of "signature" in this work (page 9): "Hereafter, we will use the term signature to describe the set of contigs or genes selected for their ability to predict a sample status". Indeed, in our case, we define a set of contigs/genes to predict a sample status, but this does not correspond to a signature with weight coefficients. We had to compute coefficients on the Validation set since the nature of libraries in the Discovery and Validation sets are different. As acknowledged by reviewer, keeping the coefficients would not work well. Hence, we now discuss this limitation in the text, Materials & Methods section, "Variable selection using the LASSO penalized logistic regression and external validation of signatures" (page 23).
# The reviewer is right; we now detailed the cross-validation scheme in the Methods section (page 23). Of note, here the classifier selection is of less importance since we are more interested in comparing the performance of different subsets of genes/contigs between each other than achieving the best possible prediction.
# We agree with the reviewer that Figure 4 supports the main claim of the paper. However, ROC analysis is the most commonly used test in clinical research giving indexes of accuracy (AUC) as a meaningful interpretation for disease classification from healthy subjects (Linden 2006) . To complete the proof of concept and to render our results easier to interpret and appealing for medical researches and comparable to other studies (Ploussard and de la Taille 2010), (Xu et al. 2018), we therefore performed ROC analysis and included them in Figure 6 . As further proposed by the reviewer, a new independent clinical study is required for more robust validation including a new cohort but also an alternative RNA quantification technique more applicable in clinics (NanoString, digital PCR, others). This point was introduced in the Results section (page 15).
# We totally agree with the reviewer. PCA3, as well as another RNA-based clinical test Decipher have been acknowledged in Discussion section (page 25). The usage of DEkupl contigs as urine biomarkers is now part of an on-going project in the lab. According to our preliminary results (unpublished), the development of a urine signature requires the whole discovery pipeline to be applied directly to RNA-seq from urine samples, using other cohorts and RNA measurements for selection and validation. This issue is discussed at the end of the manuscript (page 19).
2. The authors remove ("mask") all known coding genes, in order to focus on new lncRNAs. This is useful to demonstrate DE-kupl. However, to be able to argue that the DEkupl-based approach is superior to normal reference-based approaches, the authors need to show that a standard analysis yields less useful results in terms of potential markers. The authors to compare the DE-kupl approach with a referencebased one (which they term "HoLdUp"), but there, too, they restrict themselves to lncRNAs. I suppose that there are less useful differences in coding genes, but this should be shown. Or, if there are many differences, the argument, why non-coding transcripts are more useful needs to be argued more explicitly? (Isn't the special feature of PCA3 that is gets secreted via exosomes? If so, are the other transcripts a prostate cancer might secrete also likely to be predominantly non-coding?) # We thank the reviewer for this remark. To compare our approach to a standard one, we performed a conventional analysis using GENCODE annotated genes, coding and noncoding. A set of 520 up-regulated genes was selected in the Discovery cohort by DEseq2 and used for Lasso logistic regression. A retrieved signature of 5 genes (whole gene count, WGC) was then tested for prediction accuracy in TCGA (Validation Set) (page 23). The result was reported in the Results section (page 14-15, Fig. S7B ). Strikingly, the signature derived from 520 DE genes performed as well as the k-mer based retrieved from 22 or 15 probes for mixed and new-lnc RNA signatures, respectively. This result reinforces the power of the k-mer approach, which requires much less sequence combinations to achieve comparable performance as for annotated genes. In addition, this result was obtained using the low-coverage unstranded polyA+ datasets of TCGA which are more enriched for highly expressed poly(A)+ genes, than non poly(A) and low abundant RNA isoforms (antisense, circular RNA, splicing variants etc). The fact that TCGA-based quantification of k-mer contigs discovered from the total stranded RNA-seq is largely disfavored further assures the potential of k-mer based signatures for biomarkers discovery. We discussed this issue more in detail in Results part (page 15).
Regardless rather high performance of the gene-based signature, here we tuned our discovery workflow towards yet unannotated subsequences within noncoding regions for several reasons: 1) lncRNA are claimed to have more specific expression than mRNAs and hence can potentially yield more specific and robust biomarkers; 2) the only lncRNA-based prostate biomarker used so far in clinics is PCA3 and we used it as a benchmark for comparison with our lncRNA signature; 3) we aimed to identify novel lncRNA candidates associated with prostate cancer since our total RNA-seq discovery dataset had a high potential for the discovery of unannotated transcripts. Moreover, lncRNAs including PCA3 were also detected in biological fluids opening a possibility of their usage in non-invasive clinical tests (Introduction, page 4).
Further issues and questions:
3. How does the lack of strandedness of the TCGA data affect the quantification of those selected transcripts that are antisense to coding genes? Do the coding genes contribute to the counts? Or are the k-mers all antisense to introns? 4. In all box plot figures, y axes are labelled "Log10(counts)". However, their values descend below 0. What would a count of 0.1 reads mean? Are these maybe counts divided by some normalization constant? # We thank the reviewer for this remark. Indeed, "counts" correspond to normalized values. The legends of corresponding figures were corrected accordingly.
In NanoString (Figure 4A, Figure 5) , the data were normalized through the use of NanoString's intrinsic negative and positive controls according to the normalization approach of the nSolver analysis software and then contig expression was calculated relative to the average signal of three housekeeping genes (GPATCH3, ZNF2 and ZNF346). In RNA-seq gene expression was normalized using the DEseq2 median of ratio (Anders and Hubers, 2010) ( Figure 4B, S5 ). Contigs expression from DE-kupl have been normalized using the median of ratio normalization method. These specifications were introduced in Methods section.
Discovery and Selection Set are taken from the same cohort. It should hence be stated explicitly whether they overlap.
# The text was added (page 10): "This cohort contained one additional specimen for normal tissue and 119 additional tumor specimens". 6. What is a "normal sample"? A sample taken from in biopsy of a patient who then turned out to not suffer from prostrate cancer? Or a sample from a healthy region of a tumour-bearing prostate? If the former, this would be unsatisfactory, if the latter, the PAIR cohort should not be described as a cohort of "prostate cancer patients" but as one of patients tested for prostate cancer.
The differences in p value ranking does not indicate "remarkable discrepancies" between the cohorts (p. 16). p value rankings rarely agree between cohort of different sizes due to the effect of differences in statistical power.
# We agree with the reviewer on the point of a statistical power dependence of the cohort size. The word "remarkable" was deleted from the text and "cohort size" was added as an argument that may explain observed differences. However, given the fact that the Discovery and Selection sets differ a lot in sample size but still have comparable ranking, we cannot exclude that differences also come from other parameters (cohort origin/sample preparations, RNA-seq and counting procedures).
How were the counts normalized? Simply by dividing by the total read count? Also in the NanoString data?
# NanoString expression measurements were subjected to double normalization: one is intrinsic to the assay and uses internal negative and positive controls; second is performed afterwards relative to three lowly expressed housekeeping genes which we selected as stably expressed. Contigs expression from DE-kupl have been normalized using the median of ratio normalization method. In RNA-seq datasets gene expression have been normalized using the DEseq2 median of ratio (Anders and Hubers, 2010).
Contigs expression from DE-kupl have been normalized using the median of ratio normalization method. This was mentioned in the Material section. As you will see, reviewer #3 re-assessed your revised version and now supports publication, pending further text changes to openly state the limitations of the approach in determining biomarkers. We agree that the requested discussion and text changes are warranted and of benefit to the community, so please introduce them. Furthermore, please:
-add a callout to Fig S6A  - please move the data currently hosted on the curie server to a stable depository Once we receive such a further revised version, we will swiftly move towards acceptance and production of your paper.
If you are planning a press release on your work, please inform us immediately to allow informing our production team and scheduling a release date.
To upload the final version of your manuscript, please log in to your account: https://lsa.msubmit.net/cgi-bin/main.plex You will be guided to complete the submission of your revised manuscript and to fill in all necessary information. Please get in touch in case you do not know or remember your login name.
To avoid unnecessary delays in the acceptance and publication of your paper, please read the following information carefully.
A. FINAL FILES:
These items are required for acceptance.
--An editable version of the final text (.DOC or .DOCX) is needed for copyediting (no PDFs).
--High-resolution figure, supplementary figure and video files uploaded as individual files: See our detailed guidelines for preparing your production-ready images, http://www.life-science-alliance.org/authors --Summary blurb (enter in submission system): A short text summarizing in a single sentence the study (max. 200 characters including spaces). This text is used in conjunction with the titles of papers, hence should be informative and complementary to the title. It should describe the context and significance of the findings for a general readership; it should be written in the present tense and refer to the work in the third person. Author names should not be mentioned.
B. MANUSCRIPT ORGANIZATION AND FORMATTING:
Full guidelines are available on our Instructions for Authors page, http://www.life-sciencealliance.org/authors
We encourage our authors to provide original source data, particularly uncropped/-processed electrophoretic blots and spreadsheets for the main figures of the manuscript. If you would like to add source data, we would welcome one PDF/Excel-file per figure for this information. These files will be linked online as supplementary "Source Data" files. **Submission of a paper that does not conform to Life Science Alliance guidelines will delay the acceptance of your manuscript.** **It is Life Science Alliance policy that if requested, original data images must be made available to the editors. Failure to provide original images upon request will result in unavoidable delays in publication. Please ensure that you have access to all original data images prior to final submission.** **The license to publish form must be signed before your manuscript can be sent to production. A link to the electronic license to publish form will be sent to the corresponding author only. Please take a moment to check your funder requirements.** **Reviews, decision letters, and point-by-point responses associated with peer-review at Life Science Alliance will be published online, alongside the manuscript. If you do want to opt out of having the reviewer reports and your point-by-point responses displayed, please let us know immediately.** Thank you for your attention to these final processing requirements. Please revise and format the manuscript and upload materials within 7 days.
Thank you for this interesting contribution, we look forward to publishing your paper in Life Science Alliance.
Sincerely, Andrea Leibfried, PhD Executive Editor Life Science Alliance Meyerhofstr. 1 69117 Heidelberg, Germany t +49 6221 8891 502 e a.leibfried@life-science-alliance.org www.life-science-alliance.org
The authors have provides suitable replies to the issues I raised in my review. All in all, I would say that this is now a fine paper and ready for publication in most parts.
There is, however, one issue left that I still feel is very misleading. It is related to the issue of "signatures" and ROC curves that I had raised in my previous report, where I asked that the limitations of the validation need to be discussed more explicitly.
I briefly review, for the Editor's benefit, the usual procedure in finding biomarkers: One uses the discovery data set to come up with a rule that allows one to take expression values from a new sample and calculate a score, such that high values of the score indicate that the sample is likely a cancer sample and low values that it is not. Strictly speaking, the threshold, i.e., the score value, where one switches from calling "not cancer" to calling "cancer" needs to be found at this stage, too. Typically, such a decision procedure has the form of a list of genes with corresponding numbers, called coefficients. To obtain the score for a new sample, the rule is then usually to multiply the expression of each of the genes in the list with the specified coefficient, and add up all these values to obtain the score.
Validation now means to take one sample at a time from some independent validation cohort, calculate the score and decide whether the sample is cancer or not. Obviously, this needs to be done _without_ using the information whether the sample really is from a cancer patient or not. Only then, one can afterwards check how many of the cancer-or-not calls were correct and thus calculate sensitivity or specificity of the procedure that one is proposing. Redoing the last step for different decision thresholds allows one to get a ROC curve.
Using the discovery cohort, the authors have obtained only a list of genes, but _not_ the coefficients. Therefore, they could not calculate a score for a sample from the validation cohort. Rather, they have used the validation cohort to find the coefficients. They needed to do so because their discovery and validation set have been produced using quite different lab procedures, and therefore, coefficients from one set would not work on the other set. Unfortunately, to get the coefficients for the validation set, they needed to use the information on which of the validation samples were cancer samples and which were not. Using the same data to train a classifier (obtain the coefficients) and to test (validate) it is not allowed, because it will show a much too optimistic assessment of the classifier's performance. The authors addressed this issue by performing leaveone-out cross validation, i.e., always training the classifiers on all sample but one and testing it on the left out one. This is considered an acceptable interim solution in the field while developing a method, but is considered insufficient to substantiate any claim of actually providing a new biomarker signature. For that, a validation an an entirely independent cohort is required Hence, we authors cannot make a robust statement about how good their lncRNA signature really is. If the purpose of the present paper were to establish a new biomarker set to detect prostate cancer, this would not be acceptable. One would have to insist that the authors somehow obtain a proper validation data set.
However, the purpose of the paper is to demonstrate the potential of using the authors' DE-kupl method, and the prostrate cancer task is a mere proof of principle. I feel that the internal leave-oneour cross validation is sufficient for that purpose. After all, this already shows that the selection of lncRNA performed in the first cohort was useful, and more useful than a selection of mRNA, and this is all that the authors wish to claim.
A reader familiar with machine learning will understand that the mention of "leave-one-out cross validation" implies all the limitations I explained above. Most readers of LSA, however, will not know about these intricacies. They will see the ROC curve in Figure 6 , compare it with similar ROC curves in other publications, and assume that the method presented here is a better biomarker than the established ones. The Discussion hence has to make very clear that this claim cannot be made.
I appreciate that there are many papers out that are misleading in precisely the described sense. Incorrect validation is probably the single most common mistake in this branch of literature, and doing so properly can even set a paper at a disadvantage as it looks weaker. And, to be clear, nothing that the authors claim is actually wrong or dishonest; it is merely written in a way that would hide the limitations of the result from the non-expert reader. I would like to suggest that the authors edit their Discussion to state clearly that the information spill-over from discovery to validation set precludes them from calculating objective performance measures of the obtained "signature". And as I understand that I am here suggesting to be more "honesty" than many papers in this field are, I would encourage the Editor to clearly state that openly discussing such limitations will not be considered a negative.
Dear Dr. Leibfried,
We are very grateful for attentive revising of the manuscript "Reference-free transcriptome exploration reveals novel RNAs for prostate cancer diagnosis".
We introduced the changes into the text accordingly: Reviewer #3 (Comments to the Authors (Required)):
The authors have provided suitable replies to the issues I raised in my review. All in all, I would say that this is now a fine paper and ready for publication in most parts.
There is, however, one issue left that I still feel is very misleading. It is related to the issue of "signatures" and ROC curves that I had raised in my previous report, where I asked that the limitations of the validation need to be discussed more explicitly. I briefly review, for the Editor's benefit, the usual procedure in finding biomarkers: One uses the discovery data set to come up with a rule that allows one to take expression values from a new sample and calculate a score, such that high values of the score indicate that the sample is likely a cancer sample and low values that it is not. Strictly speaking, the threshold, i.e., the score value, where one switches from calling "not cancer" to calling "cancer" needs to be found at this stage, too. Typically, such a decision procedure has the form of a list of genes with corresponding numbers, called coefficients. To obtain the score for a new sample, the rule is then usually to multiply the expression of each of the genes in the list with the specified coefficient, and add up all these values to obtain the score.
Using the discovery cohort, the authors have obtained only a list of genes, but _not_ the coefficients. Therefore, they could not calculate a score for a sample from the validation cohort. Rather, they have used the validation cohort to find the coefficients. They needed to do so because their discovery and validation set have been produced using quite different lab procedures, and therefore, coefficients from one set would not work on the other set. Unfortunately, to get the coefficients for the validation set, they needed to use the information on which of the validation samples were cancer samples and which were not. Using the same data to train a classifier (obtain the coefficients) and to test (validate) it is not allowed, because it will show a much too optimistic assessment of the classifier's performance. The authors addressed this issue by performing leave-one-out cross validation, i.e., always training the classifiers on all sample but one and testing it on the left out one. This is considered an acceptable interim solution in the field while developing a method, but is considered insufficient to substantiate any claim of actually providing a new biomarker signature. For that, a validation an entirely independent cohort is required.
Hence, we authors cannot make a robust statement about how good their lncRNA signature really is. If the purpose of the present paper were to establish a new biomarker set to detect prostate cancer, this would not be acceptable. One would have to insist that the authors somehow obtain a proper validation data set.
However, the purpose of the paper is to demonstrate the potential of using the authors' DEkupl method, and the prostate cancer task is a mere proof of principle. I feel that the internal leave-one-our cross validation is sufficient for that purpose. After all, this already shows that the selection of lncRNA performed in the first cohort was useful, and more useful than a selection of mRNA, and this is all that the authors wish to claim.
To address the remark of the the reviewer#3, we introduced a following statement into Discussion (page 14):
Still, in this study, to compute signature coefficients, sample information (normal vs. tumor) was used since the extended Selection and independent Validation Sets employed two different technologies for RNA measurements. This precluded us from calculating the objective performance. An additional cohort using the same NanoString technology as the Selection Set should now be tested to explore the clinical potential of the obtained signature.
-- Thank you for submitting your Methods entitled "Reference-free transcriptome exploration reveals novel RNAs for prostate cancer diagnosis". I appreciate the introduced changes and it is a pleasure to let you know that your manuscript is now accepted for publication in Life Science Alliance. Congratulations on this interesting work.
The final published version of your manuscript will be deposited by us to PubMed Central upon online publication.
Your manuscript will now progress through copyediting and proofing. It is journal policy that authors provide original data upon request.
Reviews, decision letters, and point-by-point responses associated with peer-review at Life Science Alliance will be published online, alongside the manuscript. If you do want to opt out of having the reviewer reports and your point-by-point responses displayed, please let us know immediately. ***IMPORTANT: If you will be unreachable at any time, please provide us with the email address of an alternate author. Failure to respond to routine queries may lead to unavoidable delays in publication.*** Scheduling details will be available from our production department. You will receive proofs shortly before the publication date. Only essential corrections can be made at the proof stage so if there are any minor final changes you wish to make to the manuscript, please let the journal office know now.
DISTRIBUTION OF MATERIALS:
Authors are required to distribute freely any materials used in experiments published in Life Science Alliance. Authors are encouraged to deposit materials used in their studies to the appropriate repositories for distribution to researchers.
You can contact the journal office with any questions, contact@life-science-alliance.org Again, congratulations on a very nice paper. I hope you found the review process to be constructive and are pleased with how the manuscript was handled editorially. We look forward to future exciting submissions from your lab.
